For continuous evaluation of the effects of visually induced motion sickness (VIMS), we previously proposed a physiological index ρmax that represents the maximum cross-correlation coefficient between blood pressure (BP) and heart rate, the frequency components of which are limited to the Mayer waverelated band. However, ρmax requires continuous BP measurement using a bulky measuring device that is difficult to handle. Thus, we previously proposed an easier method for obtaining ρmax without continuous measurement of BP, which uses only a finger photoplethysmogram (PPG). In this method, independent component analysis (ICA) is used to extract BP-related signals from the PPG signals. However, continuous BP measurement is needed to determine the mixing matrix used in ICA. In order to achieve practical application of the method, this study aim to verify whether each subjectʼs mixing matrix can be estimated based on short-term continuous BP measurement. Being able to do so would mean that ρmax can be obtained from an estimated mixing matrix without continuously measuring BP during an experiment that presents a visual image to a subject. The validity of the proposed method was assessed by experiments performed on 28 subjects watching a swaying video image. From the ex-perimental results, we verified that the proposed method is able to extract independent components related to BP to yield ρmax between heart rate and each independent component used to evaluate the effects of VIMS. This result suggests that the effects of VIMS can be evaluated using short-term continuous BP measurement before the evaluation task.
Introduction
Nowadays, many people are frequently exposed to various artificial visual images from diverse sources such as video games, movies, web content, and smartphones. Some of these images can cause undesirable effects. One such effect is visually induced motion sickness (VIMS), which causes symptoms related to the autonomic nervous system, such as nausea, vomiting, and dizziness.
Previous studies commonly evaluated VIMS subjectively using questionnairesz1, 2|. However, these methods do not allow estimation of the effects of VIMS as time series data.
To evaluate VIMS objectively and continuously, some researchers have used methods based on cognitive science z3| and motion components of video images z4|. Other researchers have used methods based on physiological parameters such as the heart rate (HR), breathing rate, blood pressure (BP), electrogastrography, and postural stability z5-9|. However, these methods have problems of individual differences and low reproducibility.
To continuously evaluate the effects of VIMS, we previously proposed a physiological index ρmax representing the maximum cross-correlation coefficient between the BP variability and the heart rate variability, the frequency components of which are limited to the Mayer wave-related band z10, 11|. However, ρmax requires continuous BP measurement with an expensive and bulky measuring device. Therefore, only a single subjectʼs data can be obtained from one experiment, and it is difficult to perform an experiment under identical conditions for all subjects.
We have already proposed an easier method for obtaining ρmax using independent component analysis (ICA) to extract BP-related parameters from finger photoplethysmogram (PPG) signals z12-14|. However, BP has to be measured continuously throughout the experiment to determine the mixing matrix used in ICA z12, 13|. Furthermore, the estimated BP-related informa-tion correlates with BP only under resting conditionsz14|.
In order to further develop this method for practical application, this study aimed to verify whether each subjectʼs mixing matrix can be estimated based on shortterm continuous BP measurement. The novelty and main advantage of the method is that ρmax can be obtained from an estimated mixing matrix without continuously measuring BP during an experiment in which the visual image to be evaluated is presented to the subject. This method would allow collection of long-term and multiple data points at the same time；for example, when many persons are watching the same movie under the same conditions, because PPG can be measured more easily and economically than BP.
In this paper, we discuss the validity of the proposed method based on experiments performed on 28 subjects watching a swaying video image.
Method

Maximum cross-correlation coefficient
Let u(i) and v(i)(i=0, 1, 2, …) denote time series data ; i.e., BP variability and heart rate variability (HRV), respectively, sampled for a sampling period of Δt=0.5 s. They are filtered through a band-pass digital filter with a bandwidth between 0.08 and 0.12 Hz to limit the frequency components to the Mayer wave-related band. At a certain point in time t=i⋅Δt s, a Hamming window with an interval between t−60 s and t+60 s is applied to u(i) and v(i). A cross-correlation coefficient ρuv(τ) for a lag of τ=j⋅Δt s, j=…, −1, 0, 1, …, is calculated as follows :
where φuv(τ) is a cross-correlation function between u(i) and v(i), and φuu(τ) and φvv(τ) are autocorrelation functions of u(i) and v(i), respectively. The maximum cross-correlation coefficient ρmax and its delay τmax are defined as
In the present study, ρmax was successively calculated every 1 s between t=60 s (i.e., start time of calculation of ρmax) and t=T−60 s (i.e., end time of calculation of ρmax), where T s is the end time of the data obtained from an experiment.
Independent component analysis (ICA)
ICA is used in our method as follows : follows : x()=As() ( 4 ) where m×n matrix A represents an unknown constant mixing matrix consisting of coefficients of the linear combination. Let K be the number of beats observed in an experiment. Define m×K matrix X and n×K matrix S as X=zx(1), x(2), …, x(K)|and S=zs(1), s(2), …, s(K)|, respectively. Thus, matrix X is assumed to be given by S as follows : X=AS ( 5 ) 4) ICA is applied to estimate mixing matrix A from matrix X. Independent component S can be obtained by S=A + X ( 6 ) where A + is the pseudoinverse matrix of A. In this study, we used the first fixed point algorithm (fast-ICA) presented by Hyvärinen and Oja to linearly separate S from X z15, 16|. In addition, the number of feature variables m was set to 7.
Photoplethysmogram (PPG)
A PPG is obtained optically from the volumetric measurement of a blood vessel at the fingers or ears. In general, a PPG sensor consists of a near-infrared LED and photodiode for detecting reflection at the surface of the fingers or ears. The PPG signals can be measured noninvasively, easily, and inexpensively. Figure 1 shows an example of the PPG signal. This figure shows seven feature variables used in the present study. These are defined for every beat as follows : 1) FFI : foot-to-foot interval of the PPG 2) td : interval from the time of maximum value of the PPG to time of minimum value of the PPG 3) tmax slope : time of maximum slope of the PPG 4) PWbias : minimum value of the PPG 5) PWmax : maximum value of the PPG 6) DPWmax : value of the PPG at tmaxslope 7) NPWA : area of the PPG normalized by FFI These parameters may include information on the hemodynamic state, such as BP and vascular compliance. For example, parameter NPWA shows the mean value of the pulsatile component of the arterial blood volume and is a candidate to substitute BP z17|. FFI is used to calculate HR.
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Fig. 1 Definition of feature variables x1(), x2(), …, xm()
(m=7) and the normalized pulse wave area (NPWA).
Experiment
In this study, 28 healthy subjects (20 males and 8 females, 23.2±3.8 years) participated in an experiment in which they were shown a swaying video image projected by a LCD projector, as presented in Fig. 2 . The video was filmed by a handheld camera swaying continuously for about 17 min. Thus, the subjects were at an increased risk of VIMS. Before and after watching the video, the subjects watched a still picture of a landscape for 5 min as control. The subjectʼs ECG, continuous BP, and finger PPG were recorded during the experiment. After the second rest, the simulator sickness questionnaire (SSQ)z1|was given to the subject. The total score (TS) of the SSQ was calculated to obtain the subjectively evaluated intensity of VIMS. The experimental protocol was approved by the Internal Review Board of Tohoku University, and informed consent was obtained from all subjects before the experiment.
Analyses
Based on the observed matrix X obtained from the experimental data, the mixing matrix A, its pseudoinverse A + , and the independent component matrix S were calculated by ICA for each subject. Let n independent component time series ICl ; l=1, 2, …, n as ICl = ｛sl(1), sl(2), …, sl(K)｝with data size K be defined as corresponding to the length of the experiment.
Let time series ρmax (BP) and ρmax (ICl) denote ρmax between HR obtained from the ECG signal and BP, and ρmax between HR obtained from the PPG signal and independent component ICl, respectively.
Let l   denotes the optimal number of l that minimizes the mean square error between ρmax(BP) and ρmax (ICl) as follows :
where λ denotes the weighting factor of the term related to τmax and was determined to be 0.1. This is because ρmax changes from 0 to 1, while τmax goes from 0 to 10. The optimal number nopt of independent components is defined to be from 2 to 6. As previously mentioned, we assume that one of the n-th independent components calculated from seven feature vectors corresponds to information of BP variability. Thus, nopt and lBP are defined as follows :
n=arg min
( 9 ) IC  denotes the independent component time series closest to BP variability BP, as defined in Eq. ( 7 ), based on the data of the first rest phase in the experiment. Let ρmax(IC  ) denotes ρmax between HR and IC  . The number of independent components n was empirically set to 4.
In our previous studyz12|, A + and IC  were calculated from all the experimental data. In the present study, A + and IC  were calculated from data of the first rest phase only, for a duration of 5 min. Thereafter, the same A + and IC  obtained above were applied to all data measured in the experiment. Thus, we only had to measure BP once before the subjects watched the video image. Figure 3 shows an example of the analysis. 
Results
The experimental data of 28 subjects were obtained successfully. Figures 4( a ) and ( b ) compare ρmax(BP) and ρmax(IC  ) during the first rest phase. Each ρmax was the value averaged every 30 s for a single subject, and the average ρmax values of all subjects (168 points) were plotted in these figures. The result of Fig. 4 shows that ρmax(IC  ) correlates significantly with ρmax(BP) for the 28 subjects in the first rest phase of the experiment. This result is consistent with the result of our previous study z14|. Figure 5 shows the results of subjective evaluation based on the SSQ. In general, VIMS causes symptoms such as simulator sickness. Thus, the threshold TS that determines whether a subject suffers from VIMS was estimated to be 12.6, which was the median value. All subjects were divided into two groups : sick and well. The sick group consisted of 14 subjects with TS higher than 12.6, and the well group consisted of 14 subjects with TS lower than 12.6. Figures 6 and 7 show the changes in ρmax(BP) and ρmax(IC  ), respectively, over time. In these figures, ρmax of the sick and well groups were compared. The shaded areas shown in these figures represent the duration in which a significant difference between the two groups was found by Welchʼs t-test.
As shown in the sick group were significantly lower than those of the well group. This result suggests that the decrease in ρmax(BP) or ρmax(IC  ) reflects the effects of VIMS induced by watching the swaying video image. The significant differences between the ρmax(BP) values of the sick and well groups, as shown in Fig. 6 , imply that the effects of VIMS were especially strong at around 18 min. Similarly, ρmax(IC  ) of the sick group was significantly lower than that of the well group at around 18 min. This result indicates that ρmax(IC  ) calculated using the mixing matrix obtained from the first rest phase is suitable for estimating the effects of VIMS. However, the time showing significant differences between two groups in Fig. 7 does not correspond precisely to that in Fig. 6 .
The reason for this result should be studied in detail. proposed method in this study and that obtained by the previous method showed that both displayed similar tendencies ; that is, ρmax(IC  ) of the sick group was significantly lower than that of the well group at around 18 min. Therefore, the proposed method is superior to the previous methodz12|because only short-term continuous BP measurement is required. However, the time showing significant differences in ρmax(BP) was closer to ρmax (IC  ) obtained by the previous method than to ρmax (IC  ) obtained by the proposed method. This fact indicates that ρmax obtained by the proposed method has scope for improvement.
Discussion
The result from Fig. 4( a ) shows that ρmax(IC  ) correlates significantly with ρmax(BP) in the rest phase. This result is consistent with the result of our previous study z14|. Thus, reliable feature parameters such as A + and IC  were obtained from the 5-min experiment. This finding indicates that once the personal feature parameters are obtained during the first rest phase, there is no need to measure BP continuously during the experiment in which the visual image to be evaluated is presented to the subject. Therefore, many subjects can watch the same movie under the same condition using the proposed method.
In addition, A + and IC  calculated from short-term continuous BP measurement in the first rest phase have versatility to the other phases in Fig. 7 . This result shows that the proposed method has wider applicability than the previous methodsz13, 14|. Although the proposed method has great potential, it has several problems that need to be addressed.
In this study, since the subjects watched the swaying video image immediately after the first rest phase, the change in ρmax(IC  ) was similar to the change in ρmax (BP). On the other hand, if a subjectʼ s hemodynamics change drastically compared with the first rest phase, A + and IC  may be changed. Therefore, we have to examine the reproducibility and individual differences of the proposed method.
Furthermore, since the time showing significant differences between two groups in Fig. 7 does not correspond precisely to that in Fig. 6 , IC  does not conform exactly to BP variability. In this regard, we should elucidate the physiological mechanisms of independent components such as IC  .
In addition, we determined the number of feature variables by trial and error in the present study. We should now try to develop a method for choosing the appropriate number of feature variables.
Conclusion
To quantify the effect of VIMS, we proposed a new method for extracting BP-related parameter from finger photoplethysmogram using independent component analysis based on short-term continuous measurement of BP before the evaluation task. Experimental results demonstrated that the proposed method is able to extract the independent component related to BP and yield the maximum cross-correlation coefficient ρmax between heart rate and the independent component used to evaluate the effects of VIMS.
In the future, we should develop a method for determining the mixing matrix with the photoplethysmogram using other mathematical theories or calculation Makoto algorithms for independent component analysis. In addition, elucidating the physiological mechanisms of independent components other than the BP-related component is important. 
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